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Watermelon productionAbstract In this study, data envelopment analysis (DEA) approach was utilized for optimizing
required energy and comparing greenhouse gas (GHG) emissions between efﬁcient and inefﬁcient
units for watermelon production in Guilan province of Iran. For this purpose, two models including
constant returns to scale (CCR) and variable returns to scale (BCC) were applied to determine efﬁ-
ciency scores for watermelon producers. Based on the results, the average of technical, pure tech-
nical and scale efﬁciency was computed as 0.867, 0.957 and 0.906, respectively. Also, 36 and 71
watermelon producers were efﬁcient based on CCR and BCC models, respectively. The total opti-
mum energy required and energy saving were calculated as 34228.21 and 6000.77 MJ ha1, respec-
tively. Moreover, the highest percentage of energy saving belonged to the chemical fertilizers with
76.62%. The energy use efﬁciency of optimum units was determined as 1.52 and this rate increased
about 18% when compared with existing farms. Also, the energy forms including direct, indirect,
renewable and non-renewable energy improved about 15%, 15%, 10% and 15%, respectively. Fur-
thermore, total GHG emissions of efﬁcient and inefﬁcient farms were found to be about 869 and
1239 kgCO2eq. ha
1, respectively. Biocides had the highest difference of GHG emissions between
efﬁcient and inefﬁcient farms. Finally, it can be said that applying the DEA approach can reduce
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1 for watermelon production in the studied region.
ª 2014 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is
an open access article under the CCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).1. Introduction
Energy use in agriculture has developed in response to increas-
ing populations, limited supply of arable land and desire for an
increasing standard of living. In all societies, these factors have
encouraged an increase in energy inputs to maximize yields,
minimize labor-intensive practices, or both (Esengun et al.,
2007). In the developed countries, an increase in the crop yield
was mainly due to an increase in the commercial energy inputs
in addition to improved crop varieties (Banaeian et al., 2010).
Watermelon (Citrullus lanatus) is a member of the cucurbit
family (Cucurbitaceae). The crop is grown commercially in
areas with long frost-free warm periods (Prohens and Nuez,
2008).Watermelon is utilized for the production of juices, nec-
tars, fruit cocktails, etc (Wani et al., 2008). Data envelopment
analysis (DEA) is a non-parametric technique of frontier esti-
mation which has been used and continues to be used exten-
sively in many settings for measuring the efﬁciency and
benchmarking of decision making units (DMUs) (Mobtaker
et al., 2012). In addition, DEA is a data-driven frontier analy-
sis technique that ﬂoats a piecewise linear surface to rest on top
of the empirical observations. DEA models are broadly
divided into two categories on the basis of orientation:
input-oriented and output-oriented (Omid et al., 2011). On
the other hand, as energy inputs in agriculture rapidly
increased and accrued several beneﬁts to farmers, these also
adversely inﬂuenced the environment (Soni et al., 2013). Car-
bon dioxide is the main contributor to greenhouse gases
(GHG) released into the atmosphere and there is a signiﬁcant
correlation between agricultural production, energy use and
CO2 emissions. Notwithstanding these factors, GHGs would
change current environmental circumstances and these
changes will have uncontrolled effects on the agricultural sec-
tor. The contribution of global agriculture to air pollution
through the consumption of energy is small, accounting for
about 5–13.5% of annual GHG emissions (Safa and
Samarasinghe, 2012). The energy consumption reduction is
considered as the main solution for reduction of GHG emis-
sions in agriculture activity. This shows the importance of
energy optimization effects on improving the environmental
situation. In recent years, several authors have applied DEA
for both energy optimization and GHG emissions reduction.
Khoshnevisan et al. (2013) applied the DEA approach to opti-
mization of energy required and GHG reduction for cucumber
production in Isfahan province of Iran. In another study, the
energy inputs for rice were optimized by the DEA approach.
Then, the GHG emissions were determined for the present
and target units (Nabavi-Pelesaraei et al., 2014b). Moreover,
the energy use of orange production was optimized using the
non-parametric method of DEA. After determining efﬁcient
and inefﬁcient units, the GHG emissions were calculated for
both of units (Nabavi-Pelesaraei et al., 2014a).
This paper presents an application of DEA to differentiate
efﬁcient and inefﬁcient watermelon producers in Guilan Prov-
ince of Iran, pinpoint the best operating practices of energyusage, recognize wasteful uses of energy inputs by inefﬁcient
farmers and suggest necessary quantities of different inputs
to be used by each inefﬁcient farmer for every energy source.
Another objective of this study was to calculate GHG emis-
sions for efﬁcient and inefﬁcient units of watermelon produc-
tion. In other words, the main aim of this research was to
determine energy optimization affected by DEA in GHG emis-
sion reduction.
2. Materials and methods
2.1. Sampling design
This study follows our previous study which was conducted on
modeling and sensitivity analysis of energy use and GHG emis-
sions of watermelon production using artiﬁcial neural net-
works (Nabavi-Pelesaraei et al., 2016). Accordingly, data
used in this study were obtained from 120 watermelon farms
from 4 villages in Guilan province of Iran in 2012–2013 crop
years. The location of the studied area is shown in Fig 1.
2.2. Energy equivalents of inputs and output
In Guilan province of Iran, there are eight energy inputs for
watermelon production including: human labor, machinery,
diesel fuel, chemical fertilizers, farmyard manure, biocides,
electricity and seed. The results summary of energy calculation
are illustrated in Table 1. Based on results, the total energy
consumption and watermelon yield were about
40,229 MJ ha1 (with the standard deviation of 16912.48)
and 27,349 kg ha1 (standard deviation of 13724.20), respec-
tively. Also, the high rate of energy consumption belonged
to nitrogen with 28003.70 MJ ha1; followed by diesel fuel
with 3463.40 MJ ha1 and electricity with 3077.33 MJ ha1.
2.3. DEA approach
DEA is known as a mathematical procedure that uses a linear
programing technique to assess the efﬁciencies of decision-
making units (DMU). A non-parametric piecewise frontier,
which owns the optimal efﬁciency over the datasets, is com-
posed of DMUs and is constructed by DEA for a comparative
efﬁciency measurement. Those DMUs that are located at the
efﬁciency frontier are efﬁcient DMUs. These DMUs own the
best efﬁciency among all DMUs and have their maximum out-
puts generated among all DMUs by taking the minimum level
of inputs (Lee and Lee, 2009). There are two kinds of DEA
models included: CCR and BCC models (Charnes et al.,
1978). The CCR model is built on the assumption of constant
returns to scale (CRS) of activities, but the BCC model is built
on the assumption of variable returns to scale (VRS) of activ-
ities. Efﬁciency by DEA is deﬁned in three different forms:
overall technical efﬁciency (TECCR), pure technical efﬁciency
(TEBCC) and scale efﬁciency (Heidari et al., 2012).
Figure 1 Location of the studied area in the north of Iran.
Table 1 Energy coefﬁcients and energy inputs/output in various operations of watermelon production.
Items Energy equivalent (MJ unit1) Quantity per unit area (ha) Total energy equivalent (MJ ha1)
A. Inputs
1. Human labor (h) 1.96 (Mohammadshirazi et al., 2012) 712.05 1395.62
2. Machinery (kg yra)
(a) Tractor and self-propelled 9–10 (Hatirli et al., 2005) 88.75 843.12
(b) Implement and machinery 6–8 (Hatirli et al., 2005) 37.89 265.25
3. Diesel fuel (L) 56.31 (Mobtaker et al., 2010) 61.51 3463.40
4. Chemical fertilizers (kg)
(a) Nitrogen 66.14 (Mousavi-Avval et al., 2011) 423.40 28003.70
(b) Phosphate (P2O5) 12.44 (Raﬁee et al., 2010) 123.69 1538.66
(c) Potassium (K2O) 11.15 (Unakitan et al., 2010) 110.40 1230.93
5. Farmyard manure (kg) 0.3 (Tabatabaie et al., 2013) 384.53 115.36
6. Biocides (kg) 120 (Tabatabaie et al., 2013) 2.44 292.61
7. Electricity (kWh) 0.3 (Khoshnevisan et al., 2013) 257.95 3077.33
8. Seed (kg) 1.9 (Kitani, 1999) 1.58 3.01
The total energy input (MJ) 40228.98
B. Output
1. Watermelon (kg) 1.9 (Kitani, 1999) 27348.75 51962.63
a The economic life of machine (year).
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Technical efﬁciency is basically a measure by which DMUs are
evaluated for their performance relative to the performance of
other DMUs in consideration. The Technical efﬁciency can be
deﬁned as follows (Cooper et al., 2004; Mohammadi et al.,
2013):
TEj ¼
u1y1j þ u2y2j þ ::: þ unynj
v1x1j þ v2x2j þ :::þ vmxmj ¼
Pn
r¼1uryrjPm
s¼1vsxsj
ð1Þ
where, ur, is the weight given to output n; yr, is the amount of
output n; vs, is the weight given to input n; xs, is the amount of
input n; r, is number of outputs (r = 1, 2,.. ., n); s, is number of
inputs (s = 1, 2, .., m) and j, represents jth of DMUs (j = 1,
2,.. ., k). Eq. (1) is a fractional problem, so it can be translatedinto a linear programing problem which is introduced by
Charnes et al. (1978):
Maximize h ¼
Xn
r¼1
uryrj
Subjected to
Xn
r¼1
uryrj 
Xm
s¼1
vsxsj 6 0 ð2Þ
Xm
s¼1
vsxsj ¼ 1
ur P 0; vs P 0; and ði and j ¼ 1; 2; 3; . . . ; kÞ
where h is the technical efﬁciency, model (2) is known as the
input oriented CCR DEA model which assumes constant
returns to scale (CRS) (Avkiran, 2001).
Table 2 GHG emissions of watermelon production with the corresponding coefﬁcient.
Input Unit GHG Coeﬃcient (kgCO2eq. unit
1) Amount of GHG emissions (kgCO2eq. ha
1)
1. Machinery MJ 0.071 (Dyer and Desjardins, 2006) 78.69
2. Diesel fuel L 2.76 (Dyer and Desjardins, 2003) 169.76
3. Chemical fertilizers kg
(a) Nitrogen 1.3 (Lal, 2004; Khoshnevisan et al., 2013) 550.42
(b) Phosphate (P2O5) 0.2 (Lal, 2004; Nabavi-Pelesaraei et al., 2014a) 24.74
(c) Potassium (K2O) 0.2 (Lal, 2004; Pishgar-Komleh et al., 2012) 22.08
4. Biocides kg 5.1 (Lal, 2004) 12.44
5. Electricity kWh 0.608 (Nabavi-Pelesaraei et al., 2014a) 156.83
Total GHG emissions kgCO2eq. 1014.96
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As mentioned above, pure technical efﬁciency is technical efﬁ-
ciency for the BCC model of the DEA approach (Banker et al.,
1984). Deﬁned another model in data envelopment analysis,
It’s called Pure technical efﬁciency. The main advantage of this
model is that scale inefﬁcient farms are only compared to efﬁ-
cient farms of a similar size (Barnes, 2006; Mobtaker et al.,
2012). It can be expressed by Dual Linear Program (DLP) as
follows (Mobtaker et al., 2013):
Maximize z ¼ uyi  ui
Subjected to vxi ¼ 1 ð3Þ
vXþ uY uoe 6 0
vP 0; uP 0 and uo free in sing
where z and u0 are scalar and free in sign; u and v are output
and input weight matrixes, and Y and X are the corresponding
output and input matrixes, respectively. The letters xi and yi
refer to the inputs and output of ith DMU.
2.6. Scale efﬁciency
Scale efﬁciency gives quantitative information of scale charac-
teristics; it is the potential productivity gain from achieving
optimal size of a DMU. Scale efﬁciency can be calculated by
the relation between technical and pure technical efﬁciencies
as below (Mousavi-Avval et al., 2011):
Scale efficiency ¼ Technical efficiency
Pure technical efficiency
ð4Þ2.7. Cross-efﬁciency
The results of traditional DEA models separate the DMUs
into two sets of efﬁcient and inefﬁcient ones and do not allow
for ranking efﬁcient DMUs. Also in DEA because of the unre-
stricted weight ﬂexibility problem, it is possible that some of
the efﬁcient units are better overall performers than the other
efﬁcient ones (Adler et al., 2002). Cross-efﬁciency in DEA is
one method that could be utilized to identify good overall per-
formers and effectively rank DMUs. Cross-efﬁciency methods
evaluate the performance of a DMU with respect to the opti-
mal input and output weights of other DMUs. The resultingevaluations can be aggregated in a cross-efﬁciency matrix
(Sexton et al., 1986).
The energy saving target ratio (ESTR) was used to specify
the inefﬁciency level of energy usage for the DMUs under con-
sideration. The formula is as follows:
ESTRj ¼
ðEnergy saving targetÞj
ðActual energy inputÞj
ð5Þ
where energy saving target is the total reducing amount of
input that could be saved without decreasing output level
and j represents jth DMU (Hu and Kao, 2007).
2.8. GHG emissions
Production, transportation, formulation, storage, distribution
and application of agricultural inputs with agricultural
machinery lead to combustion of fossil fuel and use of energy
from an alternative (Nabavi-Pelesaraei et al., 2014b). The
results’ summary of GHG emissions calculation is illustrated
in Table 2. Accordingly, total GHG emissions of watermelon
production were about 1015 kgCO2eq. ha
1. Also, nitrogen fer-
tilizer (with 550.42 kgCO2eq. ha
1) had the highest emissions in
present farms. With this interpretation, after determining efﬁ-
cient and inefﬁcient farms, the GHG emissions were calculated
and compared by multiplying input values with the corre-
sponding coefﬁcient for efﬁcient and inefﬁcient farms (Table 2).
In fact in this study, the GHG emissions before and after
energy optimization were compared with each other in this
paper. Finally, it is revealed that the amount of GHG emis-
sions of watermelon production in the studied area can be
reduced by DEA energy optimization.
Basic information on energy inputs of watermelon produc-
tion were entered into Excel 2013 spreadsheets, Efﬁciency
Measurement System (EMS) 1.3 and Frontier Analyst 4 soft-
ware programs.
3. Results and discussion
3.1. Efﬁciency estimation of farmers
Fig 2 shows the efﬁciency score of watermelon producers
based on the CCR and BCC models. The minimum score of
technical and pure technical efﬁciency was found to be 0.407
and 0.581, respectively. The results revealed for 36 units the
score of technical efﬁciency was one; while, the pure technical
efﬁciency was efﬁcient for 71 units. The reason for this result
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Figure 2 Efﬁciency score distribution of watermelon producers.
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computation efﬁciency (Nabavi-Pelesaraei et al., 2014a). Using
the numerical value division of technical efﬁciency on pure
technical efﬁciency the scale efﬁciency can be calculated. With
respect to Eq. (4), it is clear that the scale efﬁciency score was
unity for 36 units. Also, 51 and 43 units have technical and
pure technical efﬁciency scores between 0.8 and 0.99 among
all inefﬁcient units, respectively.
The average values of the technical, pure technical and scale
efﬁciency are summarized in Table 3. The average values of
technical, pure technical and scale efﬁciency were found to
be 0.867, 0.957 and 0.906 for all 120 growers considered,
respectively. As can be seen from Table 3, the highest standard
deviation belonged to technical efﬁciency with 0.164 among
three estimated measures of efﬁciency. It should be noted that
the maximum value of all indices was 1.
In a similar study in Hamadan province of Iran the techni-
cal, pure technical and scale efﬁciency for watermelon produc-
tion were reported to be 0.767, 0.970 and 0.811, respectively
(Banaeian and Namdari, 2011).
3.2. Ranking the efﬁcient farmers
In this paper, efﬁcient farmers were ranked using the CCR
model (3). The results of cross-efﬁciency are illustrated in
Table 4. Accordingly, the farmer’s No. 37, 92, 72, 91 and 45
with the average cross-efﬁciency scores of 0.654, 0.645, 0.633,
0.616 and 0.615 had the highest score among 15 truly most efﬁ-
cient farmers, respectively. Also, the standard deviation of 15
truly most efﬁcient farmers was approximately the same.
Mobtaker et al. (2012) reported the average cross efﬁciency
scores of 0.780, 0.779, 0.775 and 0.772 had the highest average
cross efﬁciency scores for alfalfa production.Table 3 Average technical, pure and scale efﬁciency of watermelon
Particular Technical eﬃciency
Average 0.867
SD 0.164
Min 0.407
Max 1.0003.3. Comparing input use pattern of efﬁcient and inefﬁcient
farmers
The comparison results of the amount of quantity physical
inputs and output for 15 truly most efﬁcient and inefﬁcient
units of watermelon production are given in Table 5. The
results showed the input consumed by 15 truly most efﬁcient
was less than inefﬁcient units in all inputs and vice versa, their
yield was more, signiﬁcantly. The biocides, farmyard manure
and machinery with 45.49%, 40.31% and 40.29% had the
highest difference among inputs, respectively. It should be
noted that the farmers of inefﬁcient units in the region had
the wrong conception that increase in chemical fertilizers and
chemicals consumption would result in yield increase. While
overuse of these chemicals not only did not increase the rice
yield but also decreased it.
3.4. Optimum energy requirement and saving energy
Table 6 displays the required optimum energy, energy saving
quantity and share of energy inputs in total energy saving
for watermelon production based on the BCC model of the
DEA approach. The results illustrated that the total energy
input for optimal condition was found to be
34228.21 MJ ha1. In other words, applying the DEA
approach decreased the energy consumption to about
6001 MJ ha1. So, the total energy use saved can be 14.92%.
This indicates that there is a greater scope to increase the efﬁ-
ciency of energy consumption, and thus, a considerable
amount of input energy can be saved by improving the use pat-
tern of these inputs in the studied region. The highest percent-
ages of saving energy belonged to farmyard manure (30.18%),
followed by diesel fuel (16.97%) and biocides (16.18%),
respectively. As can be seen from Table 6, the chemical fertil-
izers had the highest percentage of contribution to the total
savings energy with 76.62%. These results indicated that the
high rate of chemical fertilizers (mainly nitrogen) was the main
reason for difference of efﬁciency score between optimum and
present farms. Accordingly, the performing of agricultural sys-
tems (especially appropriate use of chemical resource) can save
the energy consumption in watermelon production in the sur-
veyed area. So, it is suggested that for achieving high efﬁciency
in watermelon production in the studied area soil test should
be carried out to determine appropriate rate of nitrogen, utili-
zation of bio-fertilizers instead of chemical fertilizers, biologi-
cal control of pests and diseases, proper training of resource
management for farmers and selection of standard machinery
and timely maintenance.
Banaeian and Namdari (2011) reported the saving energy
by the DEA approach was about 14,234 MJ ha1 for water-
melon production. In similar results, they reported the fertil-
izer had the highest effect for total saving energy. In anotherfarmers.
Pure technical eﬃciency Scale eﬃciency
0.957 0.906
0.084 0.148
0.581 0.425
1.000 1.000
Table 4 Average cross efﬁciency (ACE) score for 15 truly most efﬁcient farmers based on the CCR model.
Farmer No. ACE SD Farmer No. ACE SD Farmer No. ACE SD
37 0.654 0.17 66 0.601 0.14 47 0.591 0.15
92 0.645 0.15 69 0.596 0.22 105 0.579 0.15
72 0.633 0.16 73 0.596 0.22 119 0.573 0.16
91 0.616 0.14 55 0.593 0.14 62 0.573 0.16
45 0.615 0.15 43 0.591 0.15 76 0.560 0.14
Table 5 Amounts of physical inputs and output for 15 truly efﬁcient farmers and inefﬁcient farmers.
Item 15 truly most eﬃcient farmers (unit/ha) (A) Ineﬃcient farmers (unit/ha) (B) Diﬀerence (%) (B–A)*100/B
Inputs
Human labor (h) 611.11 775.53 21.20
Machinery (h) 12.56 21.03 40.28
Diesel fuel (L) 43.91 72.27 39.24
Chemical fertilizers (kg) 596.39 812.75 26.62
Farmyard manure (kg) 253.23 424.27 40.31
Biocides (kg) 1.51 2.77 45.49
Electricity (kWh) 233.98 318.86 26.62
Seed (kg) 1.63 1.75 6.86
Output
Watermelon (kg) 28351.33 27769.81 2.09
Table 6 Optimum energy requirement and energy saving for watermelon production.
Input Optimum energy
requirement (MJ ha1)
Energy
saving (MJ ha1)
Energy
saving (%)
Contribution to the
total savings energy (%)
1. Human labor 1279.21 116.40 8.34 1.94
2. Machinery 951.93 156.44 14.11 2.61
3. Diesel fuel 2875.51 587.88 16.97 9.80
4. Chemical fertilizers 26175.44 4597.86 14.94 76.62
5. Farmyard manure 80.55 34.81 30.18 0.58
6. Biocides 245.26 47.34 16.18 0.79
7. Electricity 2617.54 459.79 14.94 7.66
8. Seed 2.76 0.25 8.29 0.004
Total energy required 34228.21 6000.77 14.92 100
Table 7 Improvement of energy indices for watermelon production.
Items Unit Present quantity Optimum quantity Diﬀerence (%)
Energy use eﬃciency – 1.29 1.52 17.83
Energy productivity kg MJ1 0.68 0.80 17.65
Speciﬁc energy MJ kg1 1.47 1.25 14.97
Net energy MJ ha1 11733.64 17734.42 51.14
Energy intensiveness MJ $1 10.51 8.93 15.03
Direct energyb MJ ha1 7936.34 (19.73%)a 6772.27 (19.79%) 14.67
Indirect energyc MJ ha1 32292.64 (80.27%) 27455.94 (80.21%) 14.98
Renewable energyd MJ ha1 1513.98 (3.76%) 1362.52 (3.98%) 10.00
Non-renewable energye MJ ha1 38715.00 (96.24%) 32865.69 (96.02%) 15.11
Total energy input MJ ha1 40228.98 (100%) 34228.21 (100%) 15.11
a Numbers in parentheses indicate percentage of total optimum energy requirement.
b Includes human labor, diesel fuel and electricity.
c Includes seed, chemical fertilizers, biocides, machinery and farmyard manure.
d Includes human labor, seed and farmyard manure.
e Includes diesel fuel, biocides, chemical fertilizers, machinery and electricity.
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Figure 3 Quantity of GHG emissions for watermelon producers
in Guilan province, Iran.
Table 8 GHG emissions of 15 truly efﬁcient and inefﬁcient farmers.
Input 15 truly most eﬃcient
farmers (kgCO2eq. ha
1) (C)
Ineﬃcient farmers
(kgCO2eq. ha
1) (D)
Diﬀerence (%)
(D  C)*100/D
1. Machinery 55.93 93.63 40.26
2. Diesel fuel 121.18 199.45 39.24
3. Chemical fertilizers
(a) Nitrogen 499.27 680.40 26.62
(b) Phosphate (P2O5) 22.24 26.58 15.58
(c) Potassium (K2O) 20.03 31.29 36.00
4. Biocides 7.71 14.15 45.53
5. Electricity 142.26 193.87 26.62
Total GHG emissions 868.81 1239.37 29.90
168 A. Nabavi-Pelesaraei et al.study, Nabavi-Pelesaraei and Amid (2014) reported that on an
average, about 20% of the total input energy for eggplant pro-
duction in Iran could be saved.
3.5. Improvements of energy indices
The improvements of energy indices are demonstrated in
Table 7. Based on results, the energy indices including energy
use efﬁciency, energy productivity, speciﬁc energy, net energy
and energy intensiveness were computed as 1.52, 0.80 kg MJ1,
1.25 MJ kg1, 17734.42 MJ ha1 and 8.93 MJ $1 respectively
for optimum farms. This means that these energy indices can
be improved by 17.83%, 17.65%, 14.97%, 51.14% and
15.03% using the DEA method, respectively. Moreover, the
energy forms’ results for the present and optimum units are
shown in Table 7. Considering that all farmers operate in inef-
ﬁcient condition, it is evident that by optimization of the energy
input, the reduction energy percentages for direct, indirect,
renewable and non-renewable energy were 14.67%, 14.98%,
10.00% and 15.11%, respectively. So, applying the DEA
method for energy optimization can save the renewable
resources for watermelon production signiﬁcantly in the
studied area.3.6. GHG emissions of efﬁcient and inefﬁcient units
Results of GHG emissions for inefﬁcient and 15 truly efﬁcient
farms are shown in Table 8. The results revealed that the total
GHG emissions of 15 truly efﬁcient and inefﬁcient units were
found to be 868.81 and 1239.37 kgCO2eq. ha
1, respectively.
Accordingly, the total GHG emissions can be reduced to about
371 kgCO2eq. ha
1 by converting inefﬁcient to efﬁcient units.
The GHG emissions differences between 15 truly efﬁcient
and inefﬁcient units for each input are computed in last col-
umn of Table 8. The highest percentage of difference between
efﬁcient and inefﬁcient units belonged to biocides with
45.53%, followed by machinery with 40.26% and diesel fuel
with 39.24%.
The quantity of GHG emissions for each input is shown in
Fig 3. The amount of GHG in nitrogen and electricity had the
highest for both the efﬁcient and inefﬁcient units. This ﬁgure
showed that the potential of GHG reduction for nitrogen fer-
tilizer, electricity and diesel fuel was high using the DEA
approach. So, the inefﬁcient units should be close to efﬁcient
farms in terms of consumption of above-mentioned inputs.
4. Conclusions
This study was carried out in the province of Guilan in Iran. In
this study, energy efﬁciency of watermelon producers was stud-
ied and amount of technical, pure technical and scale efﬁciency
was determined by the DEA approach. Also, GHG emissions
were compared based on efﬁcient and inefﬁcient units. The fol-
lowing conclusions were drawn:
1- Based on the CCR model, 36 farmers (30% of growers)
were identiﬁed as technically efﬁcient while based on the
BCC model 71 farmers (59.16% of growers) were iden-
tiﬁed as pure technical efﬁcient.
2- The results of DEA indicated that the average of techni-
cal, pure technical and scale efﬁciency scores was 0.867,
0.957 and 0.906, respectively.
3- With respect to cross-efﬁciency results, farmer’s No. 37,
92, 72, 91 and 45 were found to be the most efﬁcient
units with scores of 0.654, 0.645, 0.633, 0.616 and
0.615 among efﬁcient farms, respectively.
4- The total energy consumption can save about
6001 MJ ha1 by converting the present farms to opti-
mum farms. Also, the highest share of total saving
energy belonged to chemical fertilizers with 76.62%.
Determination of efﬁcient and inefﬁcient units for watermelon production-a case study 1695- The total GHG emissions for 15 truly efﬁcient and inef-
ﬁcient units were about 869 and 1239 kgCO2eq. ha
1,
respectively. If all inefﬁcient DMUs use inputs based
on the efﬁcient farms pattern which was determined by
the DEA approach, total GHG emissions can be
reduced by 371 kgCO2eq. ha
1.
6- With respect to results, it is suggested that for achieving
high efﬁciency in watermelon production in the studied
area soil test should be carried out to determine appro-
priate rate of nitrogen, utilization of bio-fertilizers
instead of chemical fertilizers, biological control of pests
and diseases, proper training of resource management
for farmers and selection of standard machinery and
timely maintenance.Acknowledgments
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